
jnci.oxfordjournals.org  	 JNCI | Review 1

DOI: 10.1093/jnci/djq025	 Published by Oxford University Press 2010.
	

Lung cancer is one of the most frequent human cancers and the 
leading cause of cancer-related deaths in the United States (1). 
The 5-year relative survival rate among patients diagnosed with 
lung cancer is only 15%. The vast majority of lung cancer cases 
(approximately 80%) are non–small cell lung cancers (NSCLC), 
and the remaining fraction is small cell lung cancers.

The TNM staging system is currently used to guide treatment 
decisions and predict prognosis for patients with NSCLC (2). 
Surgical resection, if possible, is the first line of treatment. 
Although adjuvant chemotherapy after surgical resection has been 
shown to improve survival in patients with stage II or IIIA disease, 
its benefit in stage I patients remains controversial (3). National 
Comprehensive Cancer Network (NCCN) guidelines stipulate 
additional factors that should be considered when making adjuvant 
treatment decisions in NSCLC (4).

According to NCCN guidelines, the most important risk factor 
besides stage for considering adjuvant chemotherapy is the extent 
of residual tumor after resection. In the case of completely resected 
stage IA NSCLC, risk factors that signal the need for adjuvant 
chemotherapy include poor differentiation, vascular invasion, 
wedge resection, and minimal margins. However, the fact that 
disease relapse rates are as high as 30%, even among stage IA 
patients, has led to an interest in identifying additional prognostic 
factors for NSCLC. In the case of completely resected stage IB 

tumors as well, disagreement prevails over the possible benefit of 
adjuvant chemotherapy (3).

For completely resected stage II tumors, although inadequate 
mediastinal lymph node dissection, extracapsular spread, multiple 
positive hilar nodes, and close margins have been suggested as 
factors to be considered for deciding on the extent of adjuvant 
therapy (4), it is possible that additional molecular factors might 
help identify patients with good prognosis who could be spared 
chemotherapy. Thus, improving the existing decision criteria for 
selecting patients for adjuvant treatment in NSCLC is an impor-
tant unmet medical need.

Some of the early microarray studies in NSCLC noted an asso-
ciation between patient survival and gene expression profiles (5–7). 
The primary objectives of some of these early studies were molec-
ular classification and subclassification of lung tumors (5,6). 
Subsequently, however, several groups designed gene expression 
studies whose primary aim was to identify prognostic signatures 
using global gene expression profiling of surgically excised tumor 
samples. Although a review of these studies was recently published 
(8), we believe that a critical evaluation of the statistical design, 
analysis, and usefulness of their results in improving clinical 
decisions is important, not only to provide a thorough assessment 
of the current state of the art but also to identify methodological 
problems and set the trend for future research.
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Current guidelines for making adjuvant treatment decisions for 
patients with completely resected NSCLC are based on factors 
that can be easily measured after surgery, such as tumor stage. 
Thus, for a new prognostic signature to be accepted and widely 
used by the medical community, it should provide therapeutically 
relevant information for each tumor stage. Moreover, a new prog-
nostic signature for NSCLC can be considered clinically useful if 
it is either 1) more effective than standard prognostic factors (ie, 
tumor size, differentiation, vascular invasion, and margin status 
[negative margins vs positive or close margins]) in identifying 
high-risk completely resected stage I patients who might benefit 
from adjuvant chemotherapy or 2) identifies stage II patients who 
have a low risk of recurrence in the absence of chemotherapy. Also, 
although the real test of the clinical usefulness of a new prognostic 
signature is its validation in a prospective clinical trial, in its initial 
stages of development, the signature must demonstrate utility for 
a specific intended use when tested retrospectively on large clinical 
datasets to warrant a prospective trial.

In this review, we critically evaluate studies that reported prog-
nostic gene expression signatures in NSCLC. Our evaluation was 
made on the basis of defined criteria that provide some of the key 
parameters for determining whether the study was planned and 
conducted in a manner that provides evidence of clinical utility for 
the signature beyond that obtained by existing treatment 
guidelines.

Methods
Selection of Studies
We conducted a search of the PubMed medical literature database 
(http://www.ncbi.nlm.nih.gov/pubmed/) using the search term 
“prognostic gene expression signature lung cancer” to identify 
articles that involved the analysis of gene expression data for de-
veloping prognostic signatures in NSCLC. We then screened the 
resulting abstracts for relevance. Articles that were published in 
English between January 1, 2002, and February 28, 2009, on gene 
expression profiling of NSCLC patients were considered for this 
review. Studies that were based on real-time quantitative poly-
merase chain reaction (RT-qPCR) assays as well as microarray 
platforms were included in this review. Studies that did not ad-
dress patient outcome were excluded, as were studies that com-
bined data for multiple different primary tumor sites or that 
contained fewer than 50 NSCLC patients. We also checked the 
reference lists of the relevant articles to identify any additional 
publications that might have been missed during the initial search. 
As a result of our search, a total of 16 studies (9–24) were selected 
for this review.

Scoring of Studies
Studies were scored on three major criteria: 1) the appropriateness 
of the study protocol, 2) the statistical validation of the prognostic 
models and presentation of results, and 3) whether there was a 
demonstration of medical utility for the prognostic signature. 
Because at present there seems to be no consensus in the statistical 
and machine learning communities about what types of models are 
best for modeling gene expression data (25), this aspect was not 
considered for the assessment.

Appropriateness of the study protocol was scored on four sub-
criteria: 1) whether the sample size was planned (ie, statistical 
power calculations were included); 2) whether appropriate patient 
selection criteria were used; 3) whether a description of patient 
characteristics was included; and 4) whether there were adequate 
protocols for tissue handling. Because the goal of developing a new 
prognostic signature is to improve adjuvant treatment decisions for 
patients with completely resected tumors, we gave a study a score 
of 1 for appropriate patient selection only if it adhered to consec-
utive enrollment of patients with completely resected tumors who 
did not receive any adjuvant chemotherapy; otherwise, the score 
for appropriate patient selection was 0. We gave a study a score of 
1 if its description of patient characteristics included, at the 
minimum, age, sex, tumor stage, and follow-up time; otherwise, 
the score for description of patient characteristics was 0. A major 
source of variability in gene expression data is inappropriate tissue 
processing (26). According to the Tumor Analysis Best Practices 
Working Group (26), all tissue samples should be flash frozen 
within minutes of surgery and stored at a maximum temperature of 
280°C. A study was given a score of 1 for adequate tissue handling 
only if it reported that samples were handled in this way; other-
wise, the score for adequate tissue handling was 0.

Statistical validation of models and presentation of results were 
scored on three subcriteria: 1) whether the study had avoided pre-
senting biased “resubstitution” statistics for the training set that 
was used to develop the models; 2) whether model validation was 
conducted on an independent dataset; and 3) whether there was 
complete specification of the prognostic model for future evalua-
tion. Each of these criteria was given a score of 1 if the study was 
in compliance and a score of 0 if it was not.

In addition to providing risk stratifications for stage I and stage 
II patients, a new prognostic signature should show increased pre-
dictive accuracy compared with using a combination of age and 
other risk factors that are already part of current treatment guide-
lines (4). Hence, a demonstration of medical utility for the prog-
nostic signature was scored on three subcriteria: 1) whether there 
was statistically significant risk separation on validation for stage 
IA and stage IB samples; 2) whether there was statistically signifi-
cant risk separation on validation for stage II samples; and 3) 
whether the signature demonstrated improved predictive value 
over and above a combination of age and other known NCCN-
defined risk factors. Again, each of these criteria was given a score 
of 1 if it was demonstrated in the study; otherwise, a score of 0 was 
given. If validation results were presented only for stage I overall, 
a score of 1 was given for validation on stage IA and stage IB sam-
ples only if the study also showed the predictions to be statistically 
significantly better than what could be obtained by tumor size 
information alone (ie, using information on whether the tumor 
stage was IA or IB).

To address the question of whether the gene expression signa-
ture improves upon the predictions obtained using standard risk 
factors, hazard ratios or regression coefficients (univariate or 
multivariate) or tests of statistical significance of these measures 
are inadequate (25,27). Hazard ratios and regression coefficients 
are measures of association, not of predictive power. Several tech-
niques that have been suggested for comparing two prognostic 
factors: an analysis of the change in concordance index (28), an 
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analysis of the change in the area under the time-dependent re-
ceiver operating characteristic curve (29), or an analysis com-
paring the positive predictive values and negative predictive 
values for predicting failure time outcome [PPV(t) and NPV(t), 
respectively] (30). The concordance index and the area under the 
receiver operating characteristic curve are quite similar measures: 
They both represent the probability that given two randomly se-
lected patients, the patient with the worse outcome is, in fact, 
predicted to have a worse outcome. PPV(t) represents the proba-
bility that the outcome (say, recurrence or death) occurs by time 
t, given a high predicted risk, and NPV(t) represents the proba-
bility that the outcome does not occur by time t, given a low 
predicted risk. Testing for differences in the PPV(t) and NPV(t) 
of two prognostic factors has also been outlined previously (30). 
In this review, for demonstrating improved predictive value for 
the signature, a score of 1 was given only if the study demon-
strated statistical significance of the gene expression signature 
over a combination of standard risk factors using any of these 
measures.

Results
The scores obtained by each study are presented in Table 1. The 
immediate striking finding from this table is that none of the 
studies succeeded in showing improvement in predictive power for 
the gene expression signatures over and above known risk factors. 
In fact, the majority of the risk factors outlined by the NCCN 
were not even considered by most of the studies. For example, 
according to NCCN guidelines (4), completeness of resection is 
the most important decision variable after stage; it has also been 
shown to statistically significantly influence survival (31). However, 
only seven of the 16 studies (9,10,13,14,16–18) stated that com-
pleteness of resection was a criterion for patient selection. In addi-
tion, only three studies (10,17,18) placed sufficient importance on 
patient selection by adhering to consecutive enrollment of patients 
who had undergone complete resection and received no adjuvant 
therapy, and only nine studies (9,10,13,14,16–18,22,23) reported 
having used snap-frozen tissues (Table 1). These points indicate 
that most of the studies reviewed were based on the use of a con-
venience sample of patients for whom tissue was available, with 
limited attention to either patient selection or the collection of 
important information about them to address specific questions of 
therapeutic decision making.

The most important medical question that needs to be answered 
by a new prognostic signature in NSCLC is whether it can identify 
the subset of stage IA patients who might benefit from adjuvant 
chemotherapy. However, only two studies (20,21) presented vali-
dation results for the prognostic signature separately for stage IA 
patients. Although the stratification results for stage IA patients in 
the study by Potti et al. (20) look promising, this signature failed 
to achieve statistical significance in a subsequent independent val-
idation effort by Shedden et al. (11), even for stratifying stage I 
patients. In the only other study that presented validation results 
for stage IA samples (21), both the predicted low-risk and high-risk 
groups achieved 100% 3-year survival.

Most of the studies (9–12,16–18,20–22,24) presented overall 
validation results for stage I patients. The 3-year overall survival 

rates for stage I patients in the predicted high- and low-risk groups 
in the validation datasets of these studies (Table 2) show that some 
of the signatures succeeded in identifying high-risk stage I patients 
[eg, (17,18,20,22), studies that reported 40% or less 3-year overall 
survival for the high-risk group]. However, an evaluation of 
whether the signature predicted overall survival better than tumor 
size (ie, using information on whether the tumor stage was IA or 
IB) and other standard risk factors was not adequately addressed 
and hence unclear from most of these studies. Only Sun et al. (12) 
reported a marginal improvement in predictive accuracy for their 
gene expression signature over tumor size for stage I patients. 
However, the area under the receiver operating characteristic 
curve increased only from 0.63 to 0.67.

The recent large multicenter study (11) compared many ge-
nomic prognostic models with a model that used clinical covariates 
alone to predict overall survival in lung cancer patients. The best 
of the genomic models (identified as method A in the article) pro-
vided a statistically significant prognostic gradient for stage I 
patients in only one of the two validation sets. The authors, how-
ever, did not report whether the prognostic gradient for a com-
bined model incorporating gene expression and clinical covariates 
was statistically significantly greater than that for the model con-
taining only clinical covariates. Also, the clinical information in-
cluded only age and sex (not tumor size). Separate validation for 
stage IA and stage IB samples was not addressed in this study.

Identification of the subset of stage IB and stage II patients who 
are at a low risk of disease recurrence without chemotherapy is also 
an important medical need. Only the study by Lu et al. (21) pre-
sented separate validation results for stage IB patients. The 3-year 
overall survival was 100% for the low-risk group and 70% for the 
high-risk group. The study by Roepman et al. (10) was the only 
one that reported statistical significance of the prognostic signa-
ture for validation in stage II samples. The 3-year survival rate for 
their low-risk stage II group was approximately 90%. These sur-
vival estimates, however, were based on very small sample sizes [38 
patients in the study by Lu et al. (21) and 24 patients in the study 
by Roepman et al. (10)], and the authors did not compare the pre-
dictive power of their signature with that obtained using standard 
risk factors. None of the other studies showed results separately for 
stage IB or stage II samples; however, two studies (15,16) pointed 
out that the respective signatures did not statistically significantly 
distinguish prognosis in stage II validation samples. As pointed out 
in the respective publications, the lack of predictiveness for stage 
II patients could have resulted from the small number of stage II 
patients in the samples.

Most of the studies presented validation results on data that 
were not used for developing the predictive signatures (Table 1). 
Four studies (15,20,22,24) developed signatures that were subse-
quently independently evaluated by other authors. Only the signa-
ture reported by Beer et al. (24) provided a statistically significant 
difference in outcome of the low-risk vs high-risk group on inde-
pendent validation by Sun et al. (12). However, the signature was 
not statistically significantly prognostic after adjustment for clin-
ical covariates. This validation study of the Beer et al. signature by 
Sun et al. (12) also included all stages of disease and reported no 
separate analysis of stage I or stage II patients. Sun et al. (12) also 
attempted to validate the signature reported by Raponi et al. (22), 
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which provided nearly statistically significant differences (P = .09) 
in outcome among the predicted risk groups after adjusting for 
clinical covariates. However, this validation study also included 
patients from all stages and again, no separate validation of stage I 
or stage II patients was reported.

Shedden et al. (11) attempted unsuccessfully to validate the 
signatures reported by Chen et al. (15) and Potti et al. (20). In 
neither case was there convincing evidence that the signatures 
alone provided statistically significant risk discrimination for stage 
I or stage II patients. Shedden et al. (11) reported that the signa-
ture of Chen et al. (15), when combined with clinical covariates, 
provided statistically significant risk discrimination for one of their 
validation sets of stage I patients. However, in this case, the model 
with clinical covariates (age and sex) alone gave statistically signif-
icant discrimination, and no evidence was presented that the signa-
ture added statistically significant prognostic power to the clinical 
covariates.

The studies by Shedden et al. (11) and Sun et al. (12) were the 
only attempts at independent validation of prognostic signatures 
reported by others. Such attempts at independent assessment of 
signatures are difficult because the prognostic models are often 
not fully specified in the original publications; in most cases, 
only the list of statistically significant genes is provided. A pre-
dictive signature is not just a gene list. To enable independent 
confirmation of a prognostic signature, all other aspects of the 
predictive model, such as weights and cut points, should also be 
reported. Only three of the 16 studies we reviewed presented 
fully specified models (Table 1). It is interesting that these three 
studies were RT-qPCR studies with simple three- to five-gene 
prognostic models. Two of these studies (15,16) specified the 
normalization and preprocessing steps used to apply their prog-
nostic models to microarray data. We attempted to indepen-
dently assess the prognostic signatures reported in (15) and (16) 

for stage IA and stage IB samples using the data of Shedden et al. 
(11). However, in our validation study, the signatures did not 
demonstrate statistically significant differences in outcome 
among the predicted risk groups (Figure 1; Supplementary 
Methods, available online).

In developing predictive models that use data in which the 
number of variables is much greater than the number of samples, 
it is essential to separate the data used for model development from 
the data used for model evaluation (33). Statistics that are com-
puted by using the same data for model development and evalua-
tion are called “resubstitution” statistics. The separation between 
the Kaplan–Meier survival curves for low- and high-risk patients of 
the training set used for model development is an example of a 
resubstitution statistic. Even though the enormous bias involved in 
presenting such resubstitution statistics has been repeatedly 
emphasized (25,33), presentation of resubstitution statistics has 
again emerged as an area of concern in our analysis, with nine 
studies (9,13–19,21) presenting such biased survival curves. We 
conducted a small simulation study to demonstrate the bias 
involved in presenting resubstitution-based estimates of prediction 
accuracy for prognostic models. Full details on the methodology 
for this simulation study are provided in the Supplementary 
Methods (available online). Our simulation studies show that even 
with completely random gene expression profiles, a prognostic 
model can always be developed that provides excellent associations 
with survival time for the training set. The poor predictive power 
of the model in such cases is revealed only when applied to inde-
pendent validation data (Figure 2).

None of the 16 studies reviewed adequately addressed the 
question of the predictive power that could be attained by using 
easily measurable clinicopathological factors for stage I samples. 
We attempted to analyze the predictive power of clinicopatho-
logical factors for stage I samples by using the training data from 

Table 2. Three-year overall survival for stage I patients in validation datasets*

First author, year (reference) No. of samples classified

3-year overall survival (%)

Predicted low-risk group Predicted high-risk group

Boutros, 2009 (9) 345 75 60
Roepman, 2009 (10) 45 90 70
Shedden, 2008 (11)† 63 100 (MSK data) 75 (MSK data)

56 100 (CAN/DF data) 70 (CAN/DF data)
Sun, 2008 (12) 91 75 55
Lau, 2007 (16) 76 85 (Harvard data) 55 (Harvard data)

67 75 (Duke data) 45 (Duke data)
Larsen, 2007 (17) 58 65 25
Larsen, 2007 (18) 30 75 [data from Bild et al. (32)] 40 [data from Bild et al. (32)]
Potti, 2006 (20) 68 90‡ 25‡
Lu, 2006 (21) 25 100 (dataset 6)‡ 100 (dataset 6)‡

38 100 (dataset 6)§ 70 (dataset 6)§
64 95 (dataset 7) 25 (dataset 7)

Raponi, 2006 (22) 25 60 (SCC data) 35 (SCC data)
75 (ADC and SCC data) 35 (ADC and SCC data)

Beer, 2002 (24) 62 85 55

*	 The numerical values in this table have been estimated from the Kaplan–Meier survival curves reported in the original publications and hence are only approxi-
mate. ADC = adenocarcinoma; CAN/DF = Dana-Farber Cancer Institute; MSK = Memorial Sloan-Kettering Cancer Center; SCC = squamous cell carcinoma.

†	 Values are for method A reported in the article (including covariates).

‡	 Classification of stage IA samples.

§	 Classification of stage IB samples.
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Shedden et al. (11). We developed a predictive model based on 
age, tumor stage (IA vs IB), and adjuvant chemotherapy (received 
vs not received) for stage I patients [the study by Shedden et al. 
(11) was among those studies that did not exclude patients re-
ceiving adjuvant chemotherapy]. Full details on the methods 
used for this study are provided in Supplementary Methods 
(available online). Statistically significant separation of the risk 
groups (P = .013) was obtained for the test datasets using this 
model (Figure 3). An unexpected finding from this analysis was 
the poorer outcome for stage I patients who received adjuvant 
chemotherapy (Table 3, Figure 4). The poorer outcome for 
stage I patients receiving adjuvant chemotherapy is probably 
because “adjuvant chemotherapy” acts as a surrogate variable for 
risk factors that are being used by clinicians to select stage I 
patients for chemotherapy. These risk factors unfortunately 
were neither recorded nor analyzed in the publications reviewed. 
Our analysis also emphasizes again the importance of establish-
ing appropriate patient selection criteria for studies of gene 
expression–based prognostic signatures. Because the objective of 
such studies is to identify patients for adjuvant chemotherapy, 
they should be restricted to patients who do not receive adjuvant 
chemotherapy.

On the basis of observations made during this review and con-
sidering previous publications on analysis and reporting recom-
mendations for microarray studies (25,34), we present a set of 
design, analysis, and reporting practice guidelines for prognostic 
gene expression studies, with a focus on NSCLC (Table 4).

Discussion
Our review of published studies reporting the development of 
gene expression–based prognostic signatures for NSCLC found 
little evidence that any of the signatures are ready for clinical ap-
plication. The review also showed that many of the studies contain 
serious problems, starting from unfocused design and continuing 
through inadequate analysis and biased reporting. These points are 
further elaborated in the discussions below.

Critical points that need to be clearly addressed by studies 
reporting prognostic signatures from gene expression data are 
the statistical validation and reproducibility of the signatures 
and their actual medical utility. Rigorous validation and demon-
stration of reproducibility are important in any data-derived 
measurement and especially so in situations where the number 
of variables is much larger than the number of samples, which is 
the case with gene expression data. In addition, to be broadly 
accepted by the medical community, the new prognostic signa-
ture should address current medical questions and show good 
predictive power over and above the risk factors that are part of 
existing treatment guidelines. In the case of NSCLC, a new 
prognostic signature should show that it can successfully identify 
stage IA and stage IB patients who might benefit from, and stage 
IB and stage II patients who could be spared, adjuvant 
chemotherapy.

It was evident from our review that although some of the 
earlier prognostic factor studies were plagued by small sample 
size and insufficient independent validation (7,23), large-scale 

Figure 1.  Independent validation of gene 
expression–based prognostic signatures on 
stage IA (left) and stage IB (right) samples 
obtained from the datasets reported by 
Shedden et al. (11). Kaplan–Meier survival 
curves for the five-gene signature reported 
by Chen et al. (15) (top panels) and for the 
three-gene signature reported by Lau et al. 
(16) (bottom panels). The P values (two-sided) 
are from the log-rank test. Tick marks indi-
cate censored observations. Each patient 
was classified into the high- or low-risk 
group as outlined in Chen et al. (15) and Lau 
et al. (16). Further details on methodology 
for this independent validation study are 
given in Supplementary Material (available 
online).
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collaborative efforts and accumulation of data in multiple labo-
ratories have, to some extent, alleviated these problems. However, 
the fact that most studies now attempt to validate their signature 
in sufficiently large independent datasets does not imply that 
recent studies are without problems. Specific problems include a 
lack of clear specification of therapeutically relevant objectives, 
inappropriate patient selection, poor documentation of impor-
tant prognostic factors, presentation of biased resubstitution 

statistics, and lack of a demonstration of medical utility for the 
resulting signature.

None of the studies reviewed were successful in showing clear 
usefulness for the gene expression signatures over and above the 
known risk factors. In fact, most of the risk factors outlined by 
NCCN (4) were not addressed or even measured in any of the 
studies. Most importantly, the number of studies that demonstrated 
that the new signature is helpful in making improved treatment 

Figure 2. Kaplan–Meier survival estimates for the 
simulation study. *Prediction accuracy for the 
training and validation datasets with random 
gene expression profiles. For this simulation, 
survival data on 129 patients were obtained from 
Bild et al. (32). For each patient, 5000 random 
numbers obtained from the standard normal 
distribution formed the gene expression profile. 
This master dataset was divided randomly into 
training and validation sets. A model predicting 
survival based on gene expression was devel-
oped from the training data. This model was 
used to classify survival risk group for patients in 
the training set and the validation set. The 
Kaplan–Meier curves show the proportion alive 
(vertical axis) vs time in months (horizontal axis) 
for predicted high-risk (black line) and low-risk 
(gray line) groups. Tick marks indicate censored 
observations. The P values are two-sided and are 
from the log-rank test. The Kaplan–Meier sur-
vival curves for the training set are “resubstitu-
tion” estimates because the same data are used 
to develop the model and to test it. Additional 
details of the simulation methodology are pro-
vided in the Supplementary Methods (available 
online).
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Figure 4. Effect of adjuvant chemotherapy on survival. These survival 
curves are based on the combined University of Michigan Cancer 
Center and Moffitt Cancer Center (HLM), Memorial Sloan-Kettering 
Cancer Center (MSK), and Dana-Farber Cancer Institute (CAN/DF) data-
sets reported in Shedden et al. (11). Tick marks indicate censored obser-
vations. The (two-sided) P value is from the log-rank test.

Table 3. Cox regression analysis of association between patient 
characteristics and overall survival for stage I samples*

Characteristic HR of death (95% CI) P†

Age, continuous 1.03 (1.01 to 1.06) .006
Stage (IB vs IA) 1.67 (1.07 to 2.60) .02
Adjuvant chemotherapy  
  (Yes vs No)

1.76 (0.88 to 3.52) .11

*	 The regression model was built using the University of Michigan Cancer 
Center and the Moffitt Cancer Center (HLM) training data reported by 
Shedden et al. (11). More details on the methods are given in the supple-
mentary information (available online). CI = confidence interval; HR = hazard 
ratio.

†	 Two-sided Wald test.

Figure 3. Evaluation of the prognostic models for stage I samples devel-
oped using clinical information alone (Table 3) on the Memorial Sloan-
Kettering Cancer Center (MSK) and Dana-Farber Cancer Institute (CAN/
DF) test datasets of Shedden et al. (11). The (two-sided) P value is from 
the log-rank test. Tick marks indicate censored observations. Each 
patient was classified into the high- or low-risk group based on whether 
his predicted risk score was greater or less than the median risk score for 
the training set. Further details on the methodology for developing 
these prognostic models are given in Supplementary Methods (available 
online).

decisions in disease stages IA, IB, or II was almost nil (Table 1). Even 
though Potti et al. (20) reported excellent discriminatory power for 
their signature on stage IA patients, this result was not reproduced 
in an independent validation study on a different dataset (11).

Even though covariates such as tumor size, surgical margins, 
and adjuvant chemotherapy are associated with survival (Figure 4), 
most of the reviewed studies did not take these variables into con-
sideration during the selection of patients or make any attempt 
to adjust for the effects of these variables when reporting on the 
statistical significance of their prognostic signature. Hence, we 
again emphasize the fact that care must be taken to collect and 
use as much clinical information about patients as possible when 
developing prognostic signatures.

Another common problem that we observed during our review 
was the failure to completely specify a prognostic model that uses 
gene expression data. Without reporting a completely specified 
model, validation by independent investigators is not possible (35). 
We noted that most often, authors only specify the list of contrib-
uting genes in the model, which is not sufficient. Full model spec-
ification should include unambiguous documentation of all array 
preprocessing steps, a list of genes whose expression was statisti-
cally significantly associated with outcome, their weights in the 
multivariate model or complete decision trees, and cutoffs used for 
defining the risk groups. We noted that it is the cutoffs that are 
frequently ignored in the documentation.

It is surprising that despite validating the prognostic signature 
on independent data, many authors continue to present biased 
resubstitution statistics for their training set. This approach, 
taken together with the fact that superiority over standard risk 
factors was not clearly demonstrated by any reported signature, 
conveys an overly optimistic picture of the value of gene expres-
sion signatures. Our independent assessment of two previously 
reported signatures (15,16) failed to demonstrate a statistically 
significant discrimination between predicted high- and low-risk 
groups when evaluated on a different set of stage IA and stage IB 
samples (Figure 1) and further confirmed the overoptimistic and 
nonrobust results reported in many prognostic signature studies.

Prognostic factor studies need to be designed with a focus on 
the intended use. We have proposed a set of guidelines to aid 
the design and analysis of prognostic factor studies in NSCLC 
(Table 4). These guidelines are the result of observations made 
during this review and in the past (25,34) about good practices 
for the design and analysis of microarray studies. Although 
some of the points in our guidelines appear to be specific to 
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NSCLC, they can, in fact, be translated to any therapeutic area 
once the intended use of the prognostic factor has been clearly 
identified.

One of the difficulties in evaluating whether a proposed prog-
nostic gene expression signature has greater medical utility than 
established prognostic variables is the lack of a widely accepted 
multivariate prognostic model for early-stage lung cancer. In the 
now-popular Adjuvant! Online program in breast cancer, the risk 
estimate with and without therapy is evaluated based on multiple 
easily measured known risk factors (36). Developing such a model 
for NSCLC based on rigorous multivariate modeling of the 
NCCN prognostic factors would help to establish the prognostic 
power that can be achieved without gene expression data for 
patients with a given stage of disease, as illustrated by our Cox 
regression modeling of associations between clinical variables and 
survival in stage I patients (Table 3). Such models need to be eval-
uated on larger datasets and should include other important clin-
ical covariates. The risk estimates thus obtained could then serve 
as the baseline for comparing gene expression–based prognostic 
factors. However, in the development of these new prognostic 

signatures, the focus must always be on the clinical validity and 
medical utility of the prognostic signature.

Clinical validity of a prognostic signature implies demonstrating 
that the test result correlates with clinical outcome. Medical utility 
of a prognostic signature means that the test result is actionable, 
leading to patient benefit. The ultimate test of clinical validity for 
a prognostic signature is its performance in a prospective clinical 
trial. Two such trials are already being conducted for breast cancer: 
the Trial Assigning Individualized Options for Treatment (Rx) or 
TAILORx, which tests the 21-gene Oncotype DX assay (37), and 
the Microarray In Node-negative and 1 to 3 positive lymph node 
Disease may Avoid ChemoTherapy or MINDACT trial, which 
uses Adjuvant! and a 70-gene profile, MammaPrint (38). The 
CALGB 30506 trial was recently initiated in lung cancer to clini-
cally test the lung metagene prognostic signature (20). The objec-
tives of this trial are to 1) determine the potential survival benefit 
of adjuvant chemotherapy in stage I NSCLC; 2) determine the 
potential survival benefit of adjuvant chemotherapy in predicted 
high-risk stage I NSCLC patients; and 3) determine the survival 
difference between the predicted high- and low-risk groups who 

Table 4. Guidelines for prognostic factor studies in NSCLC*

Section Guidelines

Introduction Clear statement of objectives. Clinically important objectives include:
1. Through gene expression profiling, identification of a high-risk subgroup of stage IA NSCLC patients who might  
    benefit from adjuvant chemotherapy.
2. Through gene expression profiling, further stratification of stage IB NSCLC patients who did not receive  
    chemotherapy to improve adjuvant treatment decisions.
3. Through gene expression profiling, identification of stage II NSCLC patients who have low risk of recurrence  
    without chemotherapy.

Data collection  
  and reporting

1. Patient selection and sample size should be carefully planned based on the intended use of the prognostic  
    signature to be developed.
2. Characteristics of the study patients, how they were selected, and inclusion/exclusion criteria should be fully  
    explained.
3. Data on treatment and all standard risk factors for the patients in the study should be available and reported.
4. Adequate description of the protocols for procurement of tissues and gene expression assays should be  
    provided.
5. All raw data should be made publicly available.
6. If reusing data collected for a previous study, strict care must be taken to ensure that it meets the objectives  
    of the new study.

Statistical analysis and  
  presentation of results

1. When the endpoint is time to death or recurrence, data should not be binary transformed.
2. Full details of the analysis method must be provided, including normalization procedures, gene filtering  
    methods, variable selection and model building technique(s), handling of missing data, any cutoffs used, and  
    rationale behind the cutoffs.
3. To demonstrate robustness of the signature, it must be validated on at least one completely independent  
    dataset.
4. Resubstitution statistics for the training should not be presented.
5. To demonstrate medical utility for the new signature, the minimal set of results that need to be shown for all  
    validation data separately for stages IA, IB, and II are:
    (a) Kaplan–Meier plots showing the risk stratification using the new signature. This requires the specification  
    of a cutoff for defining the high- and low-risk groups, which should be fully specified using the training set  
    data alone.
    (b) Positive predictive value, negative predictive values, and receiver operating characteristic curves to test  
    whether the new signature is a statistically significantly better predictor of survival than a combination of  
    age and other standard risk factors. Hazard ratios and regression coefficients from multivariable analysis or  
    their P values are insufficient in this regard.
6. Full details of the final prognostic model(s) should be reported so that others can use it to classify patients  
    in independent datasets.

Discussion The utility of the new signature as compared with standard risk factors must be clearly addressed including the  
    limitations of the study.

*	 NSCLC = non–small cell lung cancer.
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are not given adjuvant chemotherapy. Even if chemotherapy is 
found to be beneficial in stage I patients predicted to be high risk 
by the model, presumably, it will be important to establish that the 
patients who benefit could not have been identified based on tumor 
size and other standard risk factors.

Regardless of clinical validation, unless a new prognostic 
signature provides additional risk stratification within the stage 
and risk factor groupings on which current treatment guidelines 
are based, its broad acceptance in medical practice is unlikely. 
From our review, it is clear that medical utility for any of the 
reported prognostic signatures has not yet been convincingly 
demonstrated. We hope that future research in this important 
field will strive to move away from being another exercise in 
clinical correlation to one that truly makes an impact on wide-
spread medical practice.
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